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&	 Futschik,	 2012;	 Ferretti,	 Ramos-	Onsins,	 &	 Pérez-	Enciso,	 2013;	
Schlötterer,	 Kofler,	 Versace,	 Tobler,	 &	 Franssen,	 2015;	 Schlötterer,	
Tobler,	Kofler,	&	Nolte,	2014)	researchers	are	interested	in	accurately	








aim	 is	 usually	 to	 determine	whether	 the	 frequencies	 of	 an	 allele	 at	
a	particular	marker	(typically	single	nucleotide	polymorphisms;	SNPs)	
consistently	differ	between	subsets	of	a	population	or	whether	such	
differences	 are	 consistent	 across	 replicated	 experimental	 evolution	
lines.	This	consistency	is	important	because	it	provides	a	criterion	to	
identify	alleles	that	underlie	the	same	trait	 in	many	populations	and	





genome	 sequencing	 (Pool-	seq;	 Schlötterer	 et	al.,	 2014)	 can	 then	be	
applied	to	determine	the	allele	frequencies	at	different	SNP	markers	
throughout	 the	 genome.	Markers	 that	 show	a	 consistent	 difference	
across	replicates	are	more	 likely	to	be	functionally	 important	 in	pro-
ducing	the	phenotype	under	study.
Many	 of	 the	 statistical	 tests	 applicable	 to	 this	 kind	 of	 scenario	
are	 implemented	 in	popular	population	genomic	software	 tools	 (e.g.	
PoPoolation2)	which	make	them	routine	to	apply.	However,	here	we	
find	 serious	 consequences	 of	 the	misapplication	of	 these	 tests	 that	
arise	from	two	main	sources.	First,	heterogeneity	in	allele	frequency	
differences	 (e.g.	arising	from	genetic	drift)	 is	often	confused	for	sig-
nificant	main	 effects.	 Second,	very	 little	 attention	 has	 been	 paid	 to	
pseudoreplication	of	allele	counts	that	is	inherent	in	pool-	seq	exper-







cies	 is	 the	 Cochran-	Mantel-	Haenszel	 test	 (Cochran,	 1954;	 Mantel	
&	 Haenszel,	 1959),	 an	 extension	 of	 Chi-	squared	 tests	 for	 multiple	

















example,	 the	Woolf-	test	 (Woolf,	 1955).	Another	 assumption	 of	 the	
CMH-	test	is	that	data	contributing	to	each	count	within	a	cell	of	the	
contingency	table	are	independent.	The	first	assumption	is	frequently	
violated	 in	 real	 data.	 In	 fact,	 it	 is	 the	pattern	of	 consistency	 that	 is	










mented	 in	 the	 popular	 package	 PoPoolation2	 (Kofler,	 Pandey,	 &	
Schlötterer,	 2011),	 which	 aims	 to	 identify	 differences	 in	 allele	 fre-
quencies	that	are	consistent	across	biological	replicates	(Kofler	et	al.,	
2011).	 However,	 this	 package	 does	 not	 account	 for	 heterogeneity	
between	replicates	and	thereby	confuses	this	heterogeneity	for	a	main	
effect.	For	example,	Table	1	shows	a	hypothetical	contingency	 table	










1 TL1 66 5
TL2 90 3
2 TL1 72 3
TL2 60 5
3 TL1 69 21
TL2 6 72
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definition,	 for	which	 the	CMH-	test	 reports	 a	 significant	 result.	This	




tool	PLINK	 (Purcell	 et	al.,	2007)	also	 implements	 the	CMH-	test	and	
while	the	documentation	recommends	testing	for	heterogeneity,	this	
is	not	routinely	done	in	published	studies.	At	the	time	of	writing,	the	





1.2 | Examples of the CMH- test in the literature
Recently	 the	 CMH-	test	 has	 become	 highly	 popular	 in	 evolve	 and	
resequence	 (E&R)	 studies.	 Several	 such	 studies	 have	 considered	
data	 from	 a	 base	 population	 and	 three	 replicate	 treatment	 lines	 of	
Drosophila melanogaster	 sampled	 at	 various	 generations	 of	 experi-
mental	evolution	under	altered	temperature	regimes	(Franssen,	Nolte,	
Tobler,	&	Schlotterer,	2014;	Kapun,	Van	Schalkwyk,	McAllister,	Flatt,	
&	 Schlötterer,	 2014;	 Orozco-	terWengel	 et	al.,	 2012a,2012b).	 Each	
generation,	500	 females	were	sequenced	by	pool-	seq,	and	a	CMH-	
test	was	used	to	test	if	the	differences	in	allele	frequencies	between	
treatments	were	 consistent	 across	 replicates	 (Franssen	et	al.,	 2014;	
Orozco-	terWengel	 et	al.,	 2012a,2012b).	 These	 studies	 identified	
regions	indicative	of	haplotype	blocks	under	selection	by	finding	con-
sistent,	 large	 average	 changes	 in	 allele	 frequencies	 across	 replicate	
treatment	 lines	 in	 response	 altered	 temperature	 regimes	 (Franssen	
et	al.,	2014).	Another	study	based	on	the	same	experimental	evolu-
tion	 dataset	 used	 three	 replicates	 of	 two	 selection	 regimes	 (Kapun	
et	al.,	 2014).	 Single	 nucleotide	 polymorphism	 frequencies	 within	
inversions	 were	 used	 to	 infer	 changes	 in	 frequencies	 between	 the	


























ated	with	 naturally	 divergent	 traits	 such	 as	 coat	 colour	 in	 domestic	
horse	breeds	(McCue	et	al.,	2012),	pigmentation	variation	in	wild	pop-
ulations	of	D. melanogaster	(Bastide	et	al.,	2013),	as	well	as	loci	influ-
encing	 economically	 important	 traits	 (Ayllon	 et	al.,	 2015).	The	 same	
approach	can	also	be	used	in	case–control	studies	to	find	disease	risk	









will	 produce	 false	positives,	which	may	be	more	 frequent	 than	 true	
hits	even	after	applying	corrections	 for	multiple	 testing.	 In	 fact,	 in	a	
recent	 simulation	 study	 the	 CMH-	test	was	 found	 to	 have	very	 low	







(Baldwin-	Brown	 et	al.,	 2014;	 Kessner	&	Novembre,	 2015)	 and	 con-
















to	 compare	 results	 with	 the	 CMH-	test.	 Binomial	 GLMs	 have	 been	
used	 to	 analyse	 allele	 frequencies	 in	 other	 contexts	 (e.g.	 Bergland	
et	al.,	2014;	 Jha	et	al.,	2016;	Kapun,	Fabian,	Goudet,	&	Flatt,	2016;	

























of	 different	methods	 to	 identify	 consistent	 differences	 in	 allele	 fre-
quencies	between	two	treatment	groups	across	biological	replicates.
2  | MATERIALS AND METHODS
2.1 | Description of simulation protocol and 
parameter value choice
The	 behaviour	 of	 the	G-	test,	 CMH-	test	 binomial	 and	 quasibinomial	
GLMs	are	explored	using	simulated	datasets	(see	the	supplementary	






where	 k	 replicate	 subpopulations	 originate	 from	 a	 common	 ances-









the	 effective	 population	 size	 (Charlesworth	&	Charlesworth,	 2008).	
The	‘A’	allele	frequency	within	each	‘treatment	line’	(fA)	is	generated	
as	a	sample	from	a	truncated	normal	distribution	bounded	between	
0	 and	 1	 (Balding,	 2003;	 Nicholson	 et	al.,	 2002)	 with	 mean	 μ	=	pA 




















efficiency	or	 random	variation	 in	 coverage.	Because	 a	pool	 contains	 a	
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To	parameterise	the	distributions	 in	these	simulations,	 it	 is	nec-
essary	 to	 take	 realistic	 values	 for	 the	 various	 population	 param-
eters.	 For	 mutation	 rate	 (u and v)	 values	 between	 2	×	10−9 and 
1	×	10−8	 are	 common	 in	 e.g.	Heliconius melpomene	 (Keightley	 et	al.,	
2015)	 or	 D. melanogaster	 (Haag-	Liautard	 et	al.,	 2007;	 Keightley,	
Ness,	Halligan,	&	Haddrill,	 2014)	 and	 estimates	 of	Ne	 reported	 are	
on	 the	 order	 of	 1,000,000–4,000,000	 in	 these	 and	 other	 species	
(Charlesworth	 &	 Charlesworth,	 2008;	 Jensen	 &	 Bachtrog,	 2011;	
Keightley	et	al.,	2014,	2015).	Thus,	 the	parameters	of	 the	beta	dis-
tribution	 describing	 the	 allele	 frequencies	 in	 the	 base	 population	
are	 taken	 to	 be	 4Neu = 4Nev	=	0.2.	 Several	 experimental	 evolution	
studies	 have	 recently	 been	 published	 (see	 Introduction).	 Many	 of	
these	studies	represent	evolution	over	relatively	few	generations	and	
few	 of	 them	 report	 standard	 population	 genetic	 divergence	 statis-













100	 throughout	which	 is	on	 the	same	order	of	magnitude	as	other	
experimental	 evolution	 studies	 (e.g.	 Martins	 et	al.,	 2014;	 Orozco-	
terWengel	 et	al.,	 2012a,2012b)	 and	 of	 recommended	 sample	 sizes	
(Schlötterer	et	al.,	2014).
The	primary	aim	of	this	study	is	to	assess	the	False	Positive	Rates	
(FPRs)	 of	 different	 statistical	 tests.	 Under	 a	 null	 hypothesis	 a	well-	
behaved	 statistical	 test	 should	 produce	 a	 uniform	distribution	 of	p- 
values	ranging	from	0	to	1	(Storey,	2002;	Storey	&	Tibshirani,	2003).	







G-	test,	 as	described	 in	Sokal	 and	Rohlf	 (1969,	1981),	 and	a	LM	are	






















and	 the	CMH-	test.	 In	 the	CMH-	test	 framework,	 a	 consistent	 result	
should	be	one	that	shows	a	common	odds	ratio	significantly	greater	
than	 one	 as	well	 as	 a	 non-	significant	 test	 of	 heterogeneity	 in	 odds	
ratios.
2.3 | Implementation of binomial GLMs, 




where	 y	 gives	 the	 counts	 of	 ‘A’	 and	 ‘a’	 alleles,	 treatment,	 replicate,	
and	treatment:replicate	are	the	treatment,	 replicate,	and	 interaction	














which	we	 adopt	 here.	Quasibinomial	GLMs	 are	 also	 fitted	with	 the	
glm()	function	(family	=	‘quasibinomial’).	Only	the	model	structure	(2),	
see	above,	 is	 tested	because	there	are	not	enough	residual	degrees	
of	 freedom	 to	 test	 for	 interaction	 effects.	 Interaction	 effects	 are	
estimated	for	binomial	GLMs	because	dispersion	is	assumed	to	be	1.	
However,	 these	 estimates	 should	 be	 treated	with	 a	 degree	 of	 cau-
tion.	For	quasibinomial	GLMs,	e	is	a	quasibinomially	distributed	error	
term	and	p-	values	for	the	treatment	effects	are	obtained	from	t-	tests.	
(1)y = treatment + replicate + treatment:replicate + e
(2)y = treatment + e




2.4 | Implementation of the G- test
G-	tests	are	performed	as	described	in	(Sokal	&	Rohlf,	1969)	using	a	cus-
tom	written	R	function.	Here,	a	SNP	allele	that	occurs	at	consistently	






written	 functions	 are	 available	 at:	 https://github.com/RAWWiberg/
ER_PoolSeq_Simulations.	 Data	 presented	 below	 are	 archived	 in	 the	
Dryad	repository:	http://dx.doi.org/10.5061/dryad.mn0tv.
2.5 | Re- analysis of a dataset
Data	 from	the	E&R	study	on	adaptation	 to	novel	 temperature	envi-
ronments	 in	D. melanogaster	 is	re-	analysed	(Orozco-	terWengel	et	al.,	
2012a,2012b).	 Raw	 data	 files,	 as	 generated	 by	 the	 PoPoolation2 
package,	 are	 available	 from	Dryad	 (Orozco-	terWengel	 et	al.,	 2012a,	
2012b;	http://dx.doi.org/10.5061/dryad.60k68.2).	These	data	are	re-	
analysed	using	quasibinomial	GLMs	as	above.	The	original	data	analy-
sis	 is	 described	 in	Orozco-	terWengel	 et	al.	 (2012a,2012b),	 and	 also	
re-	analysed	in	Topa	et	al.	(2015)	and	Iranmehr,	Akbari,	Shlötterer,	and	
Bafna	 (2016).	Here,	we	compare	 the	 results	 from	 the	original	 study	
and	re-	analyse	the	raw	data	with	some	modifications.	The	full	data-
set	contains	1,547,837	SNPs	from	six	pools	of	500	individuals	each.	
We	 consider	 only	 truly	 biallelic	 SNPs,	 as	 in	 Topa	 et	al.	 (2015).	 The	
minimum	 and	 maximum	 coverage	 thresholds	 remain	 as	 in	 Orozco-	
terWengel	et	al.	 (2012a,2012b)	 (min-	count	=	10,	min-	cov	=	10,	max-	












ent	 the	difference	between	 the	 two	 treatment	groups	 is.	The	SD	 is	
inexact	since	its	calculation	requires	a	pairing	of	treatment	lines	while	






There	 is	 substantial	 variation	 in	 the	 FPRs	 of	 each	 of	 these	 tests	
(Figure	1).	 It	 is	 clear	 that	 the	 FPRs	 for	 the	 CMH-	test	 are	 seriously	






inflated	even	when	the	Woolf-	test	 is	used	 in	an	attempt	to	 identify	






the	histograms	of	 the	p-	values	 (Figure	S5).	The	 largest	 inflations	of	
FPRs	are	again	seen	in	simulations	where	the	allele	counts	are	allowed	
















differences	 in	 the	 TPRs	 as	 the	 allele	 counts	 are	 allowed	 to	 vary	 or	
kept	fixed,	the	TPR	is	primarily	influenced	by	the	number	of	replicates	
(Figure	2).	Precise	TPRs	will	vary	with	how	large	the	average	difference	
between	 treatment	 lines	due	 to	 selection	 is	 in	 comparison	 to	neutral	
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3.4 | Re- analysis of dataset
The	 analysis	 of	 allele	 frequencies	 from	 raw	 counts	 produces	 some-
what	 similar	 results	 to	 the	 original	 analysis	 (Orozco-	terWengel	 et	al.,	
2012a,2012b)	(Figure	3).	Spurious	false	positives	due	to	excessive	cov-
erage	near	chorion	gene	clusters	on	chromosome	3L	(Orozco-	terWengel	
et	al.,	 2012a,2012b)	 are	 no	 longer	 apparent	 (Figure	3b,c).	 However,	
scaling	counts	to	match	the	large	number	of	chromosomes	in	the	pools	
(to	 be	 counts	 out	 of	 either	 100	 or	 1,000)	 produces	 unusual	 looking	
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that	 achieve	 genome-	wide	 significance	 using	 q-	values	 (Storey,	 Bass,	
Dabney,	 &	 Robinson,	 2015;	 Storey	 &	 Tibshirani,	 2003),	 Benjamini–
























True	 Positive	 Rates,	 the	 ability	 to	 identify	 SNPs	 that	 are	 in	 fact	
under	 selection	 (true	 positives),	 varies	 across	 the	 tests	 and	 simula-
tions.	Quasibinomial	GLMs	 and	 LMs	perform	best,	 recovering	more	
true	 positives	 than	 other	 statistical	 tests.	As	 expected,	 keeping	 the	
difference	applied	at	true	positives	the	same	while	reducing	the	neu-






























































trolling	 FDRs	 e.g.	 by	 q-	values,	 Bonferroni	 or	 Benjamini-	Hochberg	
correction	 (Storey	 &	 Tibshirani,	 2003).	 This	 is	 preferable	 to	 relying	










variation	 in	 these	 counts	 between	 loci	 affects	 the	 performance	 of	
some	statistical	tests.	A	simple	solution	is	to	rescale	all	allele	counts	to	
represent	either	a	proportion	out	of	a	fixed	number	that	reflects	how	
many	 alleles	 are	 in	 the	pool	 (i.e.	 how	many	 chromosomes	 are	being	

























is	 well	 grounded	 in	 theory	 (Feder	 et	al.,	 2012;	 Kolaczkowski	 et	al.,	
2011).	Finally,	power	(TPRs)	seems	to	be	related	primarily	to	the	num-





Thus	 it	 is	clear	 that	conclusions	drawn	 in	such	studies	are	still	valid	
despite	these	potential	issues	with	the	CMH-	test.
Throughout	this	study	we	have	followed	the	convention	that	the	
more	 important	 loci	to	 identify	are	those	which	diverge	consistently	


















Re- analysis Bonferroni Q- values B–H
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across	replicate	treatment	lines.	It	is	commonly	argued	that	such	loci	
are	 those	most	 likely	 to	 represent	 responses	 to	 divergent	selection,	
because	 inconsistent	 divergence	 may	 be	 due	 to	 drift.	 However,	 it	
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